The utility of high throughput quantitative proteomics to identify differentially abundant proteins en-masse relies on suitable and accessible statistical methodology, which remains mostly an unmet need. We present a free web-based tool, called Quantitative Proteomics p-value Calculator (QPPC), designed for accessibility and usability by proteomics scientists and biologists. Being an online tool, there is no requirement for software installation. Furthermore, QPPC accepts generic peptide ratio data generated by any mass spectrometer and database search engine. Importantly, QPPC utilizes the permutation test which we recently found to be superior to other methods for analysis of peptide ratios as it does not assume normal distributions 1 . QPPC assists the user in selecting significantly altered proteins based on numerical fold-change, or standard deviation from the mean or median, together with the permutation p-value. Output is in the form of comma separated values files, along with graphical visualization using volcano plots and histograms. In this Technical Note, we evaluate the optimal parameters for use of QPPC, including the permutation level and the effect of outlier and contaminant peptides on p-value variability. The optimal parameters defined are deployed as default for the web-tool at http://qppc.di.uq.edu.au/.
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INTRODUCTION
Comparative profiling (also called shotgun) proteomics experiments are now widely employed across biological and biomedical research. With the increased sensitivity and capability of modern mass spectrometers, a new challenge in comparative proteomics is the statistical assessment of quantitatively altered peptides and by inference, proteins, in these large datasets 2 .
Various labeling or label-free methods have been established to facilitate relative proteome quantitation (reviewed in 3 ). Chemical or metabolic labeling methods allow sample multiplexing during mass spectrometry. Relative quantitation is obtained by generating peptide ratios from the intensities of the precursor ions for each sample. A biological dataset with replicates commonly consists of thousands of peptide ratios, averaged to generate a mean protein ratio after database searching.
Currently an arbitrary protein ratio fold-change cut-off is often used as the sole criteria for determining the list of altered proteins in quantitative proteomics, possibly due to the lack of easily accessible statistical tools. While fold-change can be used as a simple indication of quantitatively differential proteins, statistical tests are needed to account for random errors and multiple hypothesis testing. Standard student's t-tests are used frequently in proteomics but are 
EXPERIMENTAL PROCEDURES
QPPC is the result of a collaboration between biologists, a statistician, and a software engineer.
The biologists provided the requirements and tested various versions of QPPC. The statistician designed and implemented the algorithm for computing p-values and identifying significantly altered proteins. The software engineer designed and implemented QPPC including the integration of the statistical computation code into the application.
Design and implementation

Accessibility
We chose a web application as a solution to meet the accessibility goal, because it is not always simple for users to install software on their local machines. In addition, the client side of this web application utilized HTML, CSS, and JavaScript, which will run on any recent web browsers without requiring any additional plug-in. The job of the client is simply to fetch the user input and submit to the server (which performs all the computation).
The implementation of the permutation p-value test and the selection of significantly altered proteins along with the file outputs are done on the server in the Statistical Module. The statistical module was implemented using the R programming language. R is a free and opensource programming language that is designed specifically for reading large tables of data, developing statistical computations, and generating graphical representation of the data. Using R has simplified the development process and reduced the likelihood of errors in the code.
However, R is not designed for the web, and is unable to directly present the results it generates on the web. To facilitate communication between R and the web client, a Server Module was built. The server module was implemented with a web-specific language called PHP. PHP is one of the most popular server-side scripting languages designed for web development. In addition to facilitating communication between the statistical module and the web client, the server module sets up the execution environment for the statistical modules, provides the required input, launches the execution of R scripts in a separate process, and relays the execution progress and final result to the client. The relationships between the client and server, as well as the relationships between the various languages used are shown in Figure 1A .
On the client side, there are the Data Module and the Presentation Module. The data module fetches the required data from the server module. The data sent between the data module and server module are encoded in JavaScript Object Notation (JSON). The presentation module formats and presents/displays the data. It also handles user interaction.
Computation
The main QPPC computation can logically be divided into two stages: 1) compute p-values and 2) generate a list of significantly altered proteins. The required input and the resulting output for each stage is shown in Figure 1B .
Stage 1 takes a file input containing peptide data and parameters from the user. The input file format was modeled on the peptide summary export (.ssv) file generated directly by Spectrum
Mill database searching software (Agilent Technologies). To ensure wide flexibility, commaseparated values (.csv) or tab-separated values (.txt) files are also accepted, the only requirement for the input file is that the following column headers with their respective data values exist in these files: "accession_number", "entry_name", and "ratio". Alternatively the "ratio" column header can directly indicate the type of ratio, as shown in the Spectrum Mill peptide summary export files. A drop-down menu allows the selection between "ratio', "
There are three parameters required for Stage 1 which specify:
1. The number of permutations to perform.
The ratio (column) to use.
3. Whether to perform outlier removal before computing P-values. If outlier removal is required, the peptide ratio threshold needs to be specified. Peptide ratios greater than this number (and its inverse) will be removed as outliers.
Prior to permutation testing, QPPC performs data pre-processing to remove a) ratios that are negative, not numbers or 0s; b) peptides that are the only single observation of its respective protein.
If Outlier Removal is selected, c) peptides that have a ratio outside the threshold set by Outlier Remover.
A summary of all the peptide ratios removed, their assigned proteins, and the reason for their removal is available as a downloadable excel file at the end of Stage 1 computation.
The permutation p-value algorithm implemented is as described in Nguyen et al. 1 .The output for stage 1 is a .csv file containing the following statistical values for each peptide found in the input file: the mean ratio, the standard deviation, the log of mean, the log of standard deviation, the number of observations, and the p-value. In addition to the permutation p-value, we also 2. The p-value criterion. Proteins with p-values less than the specified cut-off value are deemed significant. This is the first of two filtering criteria.
3. The second criterion. User can select between protein ratio fold-change and standard deviations. When the fold-change criterion is used, a protein is deemed significant if its average ratio is greater than the cut-off or less than the inverse of the cut-off (e.g. a cutoff of 2 fold-change implies proteins with average ratios above log(2) or below -log (2) are deemed significant). When the standard deviation cut-off is used, a protein is deemed significant if its average log-ratio is a cut-off number of standard deviations away from the average log-ratio of all proteins quantified (e.g. if the cut-off is 2 standard deviations, and the standard deviation is 2 and mean of the average log-ratio are 2 and 0 respectively, then a protein is deemed significant if it has an average log-ratio below -4 or above 4).
4. The cut-off value for the second criterion. If fold-change is the chosen criterion, then the cut-off value should be greater than 1. If standard deviation is the chosen criterion, then the cut-off value should be greater than 0.
The output of Stage 2 contains two spreadsheets (.csv files): the first indicates which proteins are significant under either or both criteria and the second provides summary statistics for all quantified proteins. Accompanying these spreadsheets are (1) a volcano plot which is useful for visualizing the location and spread of proteins that were deemed significant under the criteria, and (2) a histogram of protein log-ratios which is helpful for distributional assessments.
The results produced by Stage 1 and 2 of QPPC were verified with simulation and experimental results.
See Results and Discussion section for more detail.
Usability
QPPC is built as a single-page web application to provide a smoother and more responsive user experience. Responsive in this context refers to the application's ability to provide feedback to the users (this should not be confused with the term "responsive web design" which refers to a website that is designed to work on different screen sizes). For tasks that may take some time to complete, such as uploading the data file or computing p-values, QPPC is designed to provide feedback on the progress of these tasks and has an offline processing mode.
With file upload, QPPC is designed so that file upload will commence right after the file is selected or dragged-and-dropped onto the upload area. Furthermore, the file upload is performed in the background; this allows upload progress be shown, and at the same time the user can select The process of obtaining the progress of p-values computation is implemented by having the data module periodically poll the server module to obtain and display the progress. The server module in turn communicates with the statistical module by having the statistical module write its progress to a predefined file, and the server module read from it.
In the situation where the dataset is large, and the number of permutations required is high, the pvalues might take over ten minutes to compute. This might be too long for users to wait. Hence, QPPC is designed with an offline processing mode. In this mode, a user can submit a p-values computation job with an email address. The user may close the browser once the job is submitted. When the result is ready, an email containing a link to the result will be sent to the specified address. In addition, this email also contains a second link to allow user to continue to determine significantly altered proteins (Stage 2).
This offline processing ability is implemented by using unique session identification (SID) numbers. A SID is generated on the server and passed to the client once the input data file has been uploaded to server. Conceptually, a SID is associated with an input data file. The client is required to include the SID as a URL parameter in all subsequent requests to the server to indicate on which dataset the computation should be performed, and which results to retrieve.
Similarly, links containing SID are emailed to the user for retrieving results and to continue with 
Experimental Dataset
To determine the effect of the number of permutations on estimated p-values, we utilized a published SILAC dataset of peptide ratios, in which the effect of caveolin-1 loss on the murine embryonic fibroblast detergent-resistant membrane proteome was examined 16 . The exported peptide summary document from Spectrum Mill has ratios for 19595 peptides, out of which 2853 are negatives, 164 are non-numbers, and 115 are ratios of zero. Two input files, before and after removing known contaminants (i.e. keratins and serum albumin) from the original datasets, were submitted to Stage 1 of QPPC, either at 1000 or 10000 permutations, with an outlier removal threshold of 100. The agreement between estimated p-values after 1000 and 10000 permutations was then analyzed by observing their variability using Bland-Altman plots.
Safety considerations
There are no specific safety considerations in using QPPC.
RESULTS AND DISCUSSION
We developed the open-access web-based tool QPPC to help proteomics scientists undertaking permutation p-value calculations for quantitative proteomics experiments. Furthermore, tools for visualization and selection of significantly altered proteins were also included. The development of QPPC has been an iterative process. Once a version of QPPC is developed is it tested by the biologists. Feedback from the biologists on the Accessibility, Computation and Usability of the tool was used to derive the requirements and the design for the next version. Figure 2A shows the current QPPC homepage where users upload a data file and select parameters for Stage 1 computation. A single data file is used for a permutation p-value calculation, which should include all biological or technical replicates of the experiment. The input data format is a list of peptide ratios with the peptides having been assigned to protein identities, for example, the peptide summary export from Spectrum Mill (Agilent) search. As QPPC makes no assessment on the peptide-protein assignment, the user should be confident of the data quality and protein assignment.
Output from a Stage 1 computation can be directly taken to Stage 2 which provides user flexibility to determine significantly altered proteins with the help of multiple criteria ( Figure   2B ). The user can optionally normalize the protein ratios to the median or mean ratio for the dataset at this stage. Stage 2 outputs include the interactive histogram and volcano plot, as well as 4 downloadable files: a csv file containing the data, a second csv file containing summary of the mean, median ratios and standard deviation for the experimental dataset, and pdf files of the histogram and volcano plot (Figure 3 ). Given the short computation time required, users can easily repeat Stage 2 using a different input parameter after inspecting the outputs. Experimental considerations of the user parameters are examined in this paper.
Permutation level
As the permutation test is a type of randomized test, it requires aggregations over repeated computations to determine the p-values. Increasing the number of repetitions will increase the accuracy of the p-values, but will also increase the computation time. In order to determine the optimal permutation level to recommend as default, we compared the effect of different permutation levels on the p-value error and the computation time, using a simulated dataset of 10000 peptides and 500 proteins ( Figure 4 ). Ten simulations were performed for each of the permutation levels: 100, 200, 500, 1000, 2000, 5000, 10000, 20000, 50000 and 100000. Figure 4A shows the margin of error for a normal 99.999% CI for true p-values ranging from 0.05 to 0.001, against the permutations level. Figure 4B shows the time required in seconds for various permutation levels. From Figure 4B , we see that a quadratic relationship fits the points well. This implies that as the permutation level increases, a square factor of effort increase is needed. This is nonlinear and thus the effort grows faster than the size of the problem.
Additionally, from Figure 4A We further evaluated the effect of permutation levels on calculated p-values using a real biological data set from a lipid raft SILAC proteomics study 16 . The results were analyzed by Bland-Altman plots where the mean p-value for each protein was plotted against the difference of p-values obtained after 1000 and 10000 permutations ( Figure 5A ). The Bland-Altman plot is an effective way to compare observations which have small differences in measurement and/or datasets without proportional differences between the methods 17 . The horizontal lines represent 95% limit of agreement at ±1.96 standard deviation away from mean of the p-value difference between 1000 and 10000 permutations. To aid visualization of significantly altered proteins, a vertical line was drawn at p-value=0.05, and the significantly altered proteins to the left were colored in magenta ( Figure 5A ). The result indicates that, while there is high variability in the calculated p-values (ranging from 0.2 to 0.8), the significant p-values (magenta dots) remained within ±0.02 away from one another, hence the list of significant proteins remains the same for 1000 or 10000 permutation levels. Given this result, we have used 1000 permutations as the default value for QPPC, however, since computation of 10000 permutations of this dataset took less than 10 minutes and produced more accurate estimates of p-values, users may choose to increase the number of permutations to 10000 for small-medium datasets.
Outlier peptide ratios and contaminant proteins
QPPC performs data quality checks prior to computation. At this step, peptide ratios with non- combined. Therefore, we have also included an optional threshold-based outlier remover which removes all ratios greater than the input variable or less than its inverse. This optional peptide ratio outlier removal was designed to remove any outrageous ratios which are virtually impossible based on the properties of the system. The current web default value of 100 was empirically chosen based on our experimental data in which ratios were hardly ever more than 10. The 10-fold difference minimizes any accidental removal of true data.
Effect of permutation level and contaminant proteins on the variability of p-values
Low level protein contamination is expected during proteomic sample preparation. To evaluate the effect of this on the variability of permutation p-values, we made use of the same SILAC dataset of lipid raft proteome which required significant sample handling during preparation of detergent-resistant membranes but utilized a liquid handler for in-gel digestion to minimize contamination 16 . In this dataset, 186 peptide ratios assigned to 14 known protein contaminants were identified and removed before submitting to QPPC. Out of the 186 peptide ratios, 130 are negatives, 18 are non-numbers and 3 are technical outliers (ratio over 100), resulting in all ratios associated with 7 contaminant keratins being removed during the QPPC pre-processing step. So the current analysis compared the effect of 35 peptide ratios mapping to 7 contaminant proteins on the permutation p-values and their biological significance. The level of contamination accounted for 0.21% of the total analyzed ratios. Table 1 shows QPPC Stage 1 output for the seven contaminant proteins.
The dataset with/without manual contaminant removal was submitted to QPPC at 1000 permutations, opting for the technical outlier removal threshold of 100. The results were again analysed by Bland-Altman plots ( Figure 5B ), which showed no effect of manual contaminant peptide ratio removal. It has to be noted, however, that this example contains a relatively low number of known contaminants, so their effect on p-value was minor. It is possible that a large number of contaminants and outliers in a dataset could lead to erroneous permutation p-values, hence manual inspection of datasets for potential large-scale contamination is recommended if there is any suspicion of such systemic errors. 
CONCLUSIONS
